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A	 linear approxima?on of the AC power flows
 

q Objective: 
 

q Set , and discard second-order terms to obtain
 

q Empirical evidences: error < 0.2%
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q (Ass. 1) convex and continuously differentiable 
 

q (Ass. 2) The map is Lipschitz continuous 
 

q (Ass. 3) Slater’s condition holds
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An	approximate	AC	OPF		
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q   "

unique primal-dual solutions 	

q  Benefit: linear convergence without averaging (time invariant case) [Koshal et al’11]"



Outset:	online	regularized	primal-dual	method	

q   At each time   :"
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q  Linear convergence within a ball [Simonetto et al’14]; time invariant in [Koshal et al’11]"
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q  Where is the feedback? Open loop! "
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Network	feedback	control		

q  No need to know loads at all nodes!"
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q   At each time   :"

q  Convergence?!

q  Optimality?!
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OPF	point	pursuit	

Theorem [Dall’Anese-Simonetto’16]. Under current modeling assumptions, if the stepsize is 
chosen such that:"
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Case	study	

q  Increased likelihood of overvoltage conditions due to “reverse power flow” [Liu-Bebic’08]"
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Case	study	

q  Currently explored: "

q  Volt/VAr "

q  Real power curtailment "

Q
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Case	study	

q  First-order-type response of PV inverters"

q  IEEE 37-node test feeder"
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q  Real load and solar irradiance data"
      from Anatolia, CA"
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Case	study	
Q

|V |

q  Volt/VAr, no deadband "
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Case	study	

q  Proposed controllers"
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Case	study	
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Concluding	remarks	
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q  Bridging the time scales of control and optimization"

q  Increase speed of power command computation to ensure adaptability and optimality"

q  Convergence to OPF solution"

q  Future efforts towards "

q  Validation and implementation"

q  Extension to account for various grid constraints and services"
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Exploi+ng	inverter	flexibility		

Pi(t), Qi(t)

Power semiconductors

ẋi(t) = fi

⇣
xi(t),di(t),ui

⌘

xi(t) :=
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Pi(t)
Qi(t)

�
q                                          (output powers) "
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⇡local controller / PWM

Microcontroller

Computation & Comm.

q  																																																
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⇡local controller / PWM

Microcontroller

Computation & Comm.
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 and the this point is asymptotically stable [Yazdani-Iravani ’10], [Dorfler et al’14], [Johnson et al’15]                         	
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Local	control	paradigms		

q  Active power curtailment [Tonkoski et al’12]: "Pi[tk] = P av
i �m(|Vi[tk]|� |V ref|)

ẋi(t) = fi(·)ui = ri(·)

ẋj(t) = fj(·)uj = rj(·)
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Local	rules	

q  Volt/VAr control: "

Q

|V |

q  System-level benefits? Stability?"



			

Network	op+miza+on	paradigms	

ẋi(t) = fi(·)

ẋj(t) = fj(·)
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uopt

i

uopt

j

{u⇤,t
n }i2G = arg min

{ui}i2G

X

i2G
f t
i (ui)

subject to

gtn({ui}i2G)  0 8n 2 N
ht
n({ui}i2G) = 0 8n 2 N

ui 2 Yt
i 8 i 2 G

q  Optimal power flow (OPF) formulations"

q  Centralized – via MINLP solvers [Khodr et al ’07] or convex relaxations [Lavaei-Low’12]"
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q  Optimal power flow (OPF) formulations"

q  Centralized – via MINLP solvers [Khodr et al ’07] or convex relaxations [Lavaei-Low’12]"

q  Decentralized – via subgradient [Zhang at al’13] or ADMM [Dall’Anese-Zhu-Giannakis’13]"
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ẋj(t) = fj(·)

uj [tk] = arg minuj Lj(uj)

ui[tk] = arg minui Li(ui)
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�j [tk] = �j [tk�1] + ↵gj(uj [tk],dj)Comm




Network	op+miza+on	paradigms	

q  Optimal power flow (OPF) formulations"

q  Centralized – via MINLP solvers [Khodr et al ’07] or convex relaxations [Lavaei-Low’12]"

q  Decentralized – via subgradient [Zhang at al’13] or ADMM [Dall’Anese-Zhu-Giannakis’13]"

q  Do not acknowledge grid-edge dynamics "

10	

Fast(er)	+me	scale	

			

ẋi(t) = fi(·)
uopt

i

uopt

j
ẋj(t) = fj(·)

uj [tk] = arg minuj Lj(uj)

ui[tk] = arg minui Li(ui)

�i[tk] = �i[tk�1] + ↵gi(ui[tk],di)

�j [tk] = �j [tk�1] + ↵gj(uj [tk],dj)

Slow(er)	+me	scale	

uopt

j
ẋj(t) = fj(·)

uj [tk] = arg minuj Lj(uj)
�j [tk] = �j [tk�1] + ↵gj(uj [tk],dj)Comm




Shrink	+me	scales	

q  Goal: synthesis of controllers that seek solutions of optimization problems!

Comm


ẋi(t) = fi(·)

ẋj(t) = fj(·)

ui(t)

uj(t)

�j [tk] = �j [tk�1] + ↵gj(xj [tk],dj)

�i[tk] = �i[tk�1] + ↵gi(xi[tk],di)

ui[tk] = argminui Li(ui)

uj [tk] = argminuj Lj(uj)
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�j [tk] = �j [tk�1] + ↵gj(xj [tk],dj)

uj [tk] = argminuj Lj(uj)
ẋj(t) = fj(·)

uj(t)



Shrink	+me	scales	

q  Key questions: convergence? Communications and complexity constraints?  "

q  Goal: synthesis of controllers that seek solutions of optimization problems!

q  Benefits: adaptability to (fast-)changing conditions; operation efficiency"
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ui(t)

uj(t)
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�i[tk] = �i[tk�1] + ↵gi(xi[tk],di)

ui[tk] = argminui Li(ui)

uj [tk] = argminuj Lj(uj)

�j [tk] = �j [tk�1] + ↵gj(xj [tk],dj)

uj [tk] = argminuj Lj(uj)
ẋj(t) = fj(·)

uj(t)


